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Abstract. This study investigates the patterns of innovation in Turkey and its primary aim is to examine 
the intra – industry heterogeneity in innovative activities. For this purpose double - level factor analysis is 
performed and resulting factor scores are used in the subsequent cluster analyses. Four distinct innovation 
patterns, which may be interpreted as ingredients of different technological regimes, are identified. 
Taxonomy of innovative firms is also constructed by grouping firms according to their innovation 
characteristics and to our knowledge this is the first empirical classification study in Turkey. Our results 
indicate that industries differ in terms of innovative activities. However industries are not dominated by a 
single technological regime. On the contrary five technological regimes were observed in almost all 
sectors. Building upon these facts, it can be speculated that sector specific conditions determine the extent 
of intra – industry heterogeneity. 
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That cats are much like you and me 
And other people whom we find 
Possessed of various types of mind. 
For some are sane and some are mad 
And some are good and some are bad 
And some are better, some are worse 
But all may be described in verse. 
You’ve seen them both at work and games, 
And learnt about their proper names, 
Their habits and their habitat: 
But how would you address a cat? 
So first, your memory I’ll jog, 
And say: a cat is not a dog... 
 
T.S. Eliot 
Old Possum’s Book of Practical Cats 
 
1. Introduction 
The main stream view of the firm depends on optimization and posits that there is only a single 
optimum solution. However firms operate in highly uncertain environments with often changing 
conditions. Hence no single best solution can be determined beforehand. In real world, 
boundedly rational firms depend on rules and routines in their operations. They evolve largely 
through local search. In addition, even firms in the same environment may opt for different 
strategies if their landscape is “rugged” (or complex) enough (Levinthal, 1997). That is, in a 
simple environment firm strategies may converge to a single solution, or global optimum. On the 
other hand as the complexity of operating environment increases firms may adopt different 
strategies, leading them to follow distinct trajectories. 
 
Dosi (1982) defines a technological paradigm as a model and a pattern of solution of 
selected technological problems, based on selected principles derived from selected material 
technologies and argues that a technological paradigm embodies strong prescriptions on the 
directions of technical change to pursue and those to neglect. Once a path has been selected and 
established, it shows a momentum of its own. Nelson and Winter (1977) define a technological 
trajectory as the normal problem solving activity determined by a technological paradigm. 
 
Despite the observed diversity in firm strategies and behavior, some regularities and 
patterns also emerge. Similar technological capabilities, financial incentives and constraints may 
shape common paths for firms. These regularities, as characterized in the concept of 
technological regimes by Nelson and Winter (1982), may direct the firms to organize their 
innovative activities in resembling ways. According to Malerba (2005) a sectoral system 
framework focuses on three main dimensions of sectors, which are knowledge and technological 
domain, actors and networks, and institutions. Sectoral innovation system approach depends on 
the idea that firms nested in a sector behave in correlated ways since they share sources of 
information and technology and perceive similar incentives for innovation. 
 
Pavitt’s (1984) influential study provides a holistic approach on how technological 




sources of technology used in the innovation process, nature of the developed technology, 
sectors in which these innovations were adopted and firm level characteristics such as size and 
principal activity. Using these variables Pavitt constructed his taxonomy and identified four 
distinct groups in manufacturing industries: 1) supplier dominated, 2) scale intensive, 3) 
specialized suppliers, 4) science based sectors (ibid). In their later work, Pavitt et. al. (1989) 
modified the original taxonomy by introducing a new category – information intensive sectors, as 
a substitute to the supplier dominated sectors.  
 
Following this strand of research, Malerba and Orsenigo (1995) put forward taxonomy of 
innovative patterns with respect to the learning patterns of firms over time. Malerba and 
Orsenigo (1996) argue that their sectoral classification based on Schumpeter’s Mark I and Mark 
II models should be able to identify most technological classes. Audretsch (1997) states that the 
most important factor shaping the evolution of firms belonging to a specific industry is the 
knowledge condition shaping the technological regime underlying that industry. Studying the data 
gathered from 24.000 business units in Italy, Archibugi et al. (1991) propose a new taxonomy of 
sectors, based on industrial concentration, propensity to develop product vs. process innovations, 
and the sources of technological change, arguing that sectoral differences are most influential in 
the explanation of technological change. Klevorick et al. (1995) build upon the concept of 
technological opportunity to explain inter - industry differences and conclude that inter – 
industry differences in the strength and sources of technological opportunities contribute 
importantly to explanations of cross – industry variation in R&D intensity and technological 
advance. Studying the characteristics of 105 Greek manufacturing firms, Soutaris (2002) argues 
that important determinants of innovation differ in industries according to four classes of Pavitt’s 
taxonomy. Although empirical methodology and measurement of concepts may vary in these 
studies a common finding emerges: Industries differ with respect to firms’ innovation behavior 
and these differences matter for industry structure and innovativeness. In addition, despite the 
emphasis on bounded rationality and heterogeneity of firms in their operations, this literature 
depicts a firm, of which innovative behavior is largely industry specific. Each system needs to be 
defined by boundaries (Edquist, 2005). However aforementioned studies have not validated 
whether industry boundaries truly define the boundaries of technological regimes. 
 
 In his later work Archibugi (2001) argues that technology based taxonomy of firms loses 
much of its relevance, if it is applied to firms after they have been aggregated into industries 
according to an output based classification. In this sense, Arvanitis and Hollenstein (1997) use 
firm level data on Swiss manufacturing and identify five different innovation modes, which have 
low correspondence to industrial affiliation. With a similar approach Hollenstein (2003) performs 
a cluster analysis on firm level data to identify innovation modes in Swiss service sector. 
Hollenstein identifies five distinct innovation modes and concludes that a classificatory procedure 
based on firm level data is more appropriate than an approach which ranks industries according 
to their innovativeness (ibid). de Jong and Marsili (2006) focus on small and micro firms in the 
Netherlands and they report the existence of four categories of small innovating firms dispersed 
in various sectors. Leiponen and Drejer (2007) compare the innovation patterns of Finnish and 
Danish firms and identify similar groups, of which categories exceed specific industries. Srholec 
and Verspagen (2008) use firm level data from 13 different countries to assess the heterogeneity 




countries matter to a certain extent in explaining the heterogeneity of innovation process, but far 
most of the variance is given by the heterogeneity of firms within either sectors or countries 
(ibid). Not all these studies explicitly aim to test the relevance of sectoral patterns by a 
quantitative analysis. However their findings indicate that innovation patterns (or modes), which 
are not confined to specific industries exist. Moreover these studies show that firms can display a 
variety of these patterns with different intensities, which can be articulated as exploration and 
exploitation may occur simultaneously within the firm. 
 
 This study investigates the patterns of innovation in Turkey and its primary aim is to 
examine the intra – industry heterogeneity in innovative activities. A taxonomy of innovative 
firms is also constructed using firm level data, and to our knowledge this is the first empirical 
study in Turkey to quantitatively group firms according to their innovative behavior. This 
taxonomy can be used to assess the industry specific innovative behavior of firms. The limits of 
industrial homogeneity in terms of innovative activities have a bearing on technology policies. 
Public incentives towards high – tech industries may not create the expected impact, since a 
considerable amount of firms in that industry may have different innovative characteristics than 
the industry perception or they may not be innovative at all. On the contrary firms in traditionally 
low – tech sectors may in fact be highly innovative. A better understanding of the dynamics of 
innovation process at the firm level is necessary to design and implement adequate and efficient 
technology policies. In addition, acknowledgment intra – industry heterogeneity in innovation 
behavior may also affect the course of scholar research on dynamics of innovation. The rest of 
this paper is organized as follows: Next section introduces the data set used in this study and 
explains the empirical methodology used in the analysis. Section 3 identifies and interprets 
innovation patterns found at the firm level, and examines their correspondence with industrial 
affiliation. Section 4 concludes the paper with an overview of the significance (and limitations) of 
the findings. Possible effects of acknowledging intra – industry heterogeneity is also discussed in 
this section. 
 
2. Data and Methodology 
Analysis in this study is based on the firm level data from Turkish Community Innovation Survey 
– 2006, provided by Turkish Statistical Institute (TURKSTAT). Following the 3rd edition of the 
Oslo Manual, a harmonized questionnaire was used to collect data. First section of the 
questionnaire is designed to gather general firm characteristics like the legal title, foreign share, 
annual turnover, average number of employees, and the markets in which the firm is active. 
Section 2 and 3 are devoted to questions regarding product and process innovations. Questions 
in sections 5, 6, and 7 are directed only to innovating firms1
                                                          
1 Firms that have introduced a product or process innovation, or having an abandoned or ongoing innovation project are 
defined as “innovative” in the survey. 
. Variety and amount of innovation 
expenditures, sources of knowledge, institutional and spatial characteristics of cooperation, and 
the impact of innovative activities are reported in these sections respectively. Section 8 collects 
data about halted and abandoned innovation projects in addition to an assessment of barriers to 
innovation, whereas section 9 gathers data about the variety of intellectual property rights 




according to the recommendations in the 3rd edition of the Oslo Manual, is related to 
organizational and marketing innovations. The survey provides information about 2.173 firms, of 
which 780 are considered to be innovative. Industrial affiliations of firms according to NACE 
Rev. 1.1 classification are presented in Table 12
 
.  
Table 1 Sectoral distribution of firms in Turkish CIS 2006 
NACE Industry All Firms Innovative Firms 
    N % N % 
10-14 Mining and quarrying 147 6.76% 37 4.74% 
15-16 Food, beverages, and tobacco  114 5.25% 51 6.54% 
17-19 Textiles, wearing, apparel, and leather 286 13.16% 88 11.28% 
20-22 Wood, pulp, paper, printing, publishing 42 1.93% 20 2.56% 
23-25 Petroleum, chemicals, rubber, and plastic products 94 4.33% 43 5.51% 
26-28 Metals, metallic and non-metallic mineral products 149 6.86% 66 8.46% 
29,34,35 Machinery and equipment n.e.c. Transport equipment 126 5.80% 67 8.59% 
30-33 Electrical and optical equipment 41 1.89% 21 2.69% 
36-37 Manufacturing n.e.c. 40 1.84% 20 2.56% 
40-41 Electricity, gas, and water supply 132 6.07% 38 4.87% 
51 Wholesale trade and commission trade 350 16.11% 108 13.85% 
60-63 Land, water, and air transport 218 10.03% 48 6.15% 
64-67 Telecommunications, financial intermediation 163 7.50% 75 9.62% 
72-74 
Computer and related activities, architectural  
and engineering activities, and related consultancy 271 12.47% 98 12.56% 
 
Total 2173 100.00% 780 100.00% 
 Innovation is a complex phenomenon, thus a firm’s innovation strategy is expected to 
have multiple dimensions. Although earlier studies mainly focused on R&D spending (or R&D 
intensity) and patent counts as the main input and output indicators of a firm’s innovative 
behavior (Hagedoorn and Cloodt, 2003), availability of CIS data made it possible to carry out 
detailed studies related to the determinants of innovation behavior of firms. As shown in Table 2, 
various variables can be used to describe the relevant dimensions of the innovation process. This 
study aims to discover the patterns of innovation in Turkish firms with a sense that a number of 
latent variables may exist, which can be used to form a multi-dimensional framework. Factor 
analysis, which is a multivariate statistical method, can be used to extract these latent variables 
from a large number of seemingly unrelated variables. Factor analysis is used to describe 
variability among observed variables in terms of fewer unobserved variables called factors3
                                                          
2Sampling weights, which are developed using industry affiliations together with firm size distributions, are used in the 
subsequent factor analyses. 
. The 
observed variables are modeled as linear combinations of the factors, plus error terms. The 
information gained about the interdependencies can be used later to reduce the set of variables in 
a dataset. Factor analysis has many applications in psychology and other social sciences, and 
recently it has been employed in a number of studies on the dynamics of innovation (Firm level 
3 An exact quantitative basis for deciding the number of factors to retain has not been developed. Hair et. al. (1998) suggest 
a number of stopping criteria, one of which is percentage variation criterion. This approach is based on achieving a specified 
cumulative percentage of total variance extracted by successive factors. 75% and 50% percent threshold values have been 




studies: Hollenstein, 2003; Leiponen and Drejer, 2007; Srholec and Verspagen, 2008; Fraga et. al., 
2008; Zizalova, 2009; Country level studies: Fagerberg et. al., 2007; Fagerberg and Srholec, 2008). 
 
Following Srholec and Verspagen (2008) a two – level factor analysis is performed on the 
variables shown in Table 2. In the first stage, factor analysis is separately performed on the 
variable groups listed in Table 2. Factor scores obtained from the previous stage are used in the 
second stage factor analysis. Principal component factors method is used for factor extraction, 
since it does not depend on any distributional assumptions. Rotation of extracted factors is 
necessary for interpretation. Oblimin rotation, which is a variant of oblique rotation methods that 
allow for correlation of extracted factors, is used in the process. Factor analysis should be run on 
continuous variables, or ordinal variables with broad ranges to allow for identifying reasonable 
covariance matrices (Hair et. al., 1998). Since our data set consists of binary and narrowly scaled 
ordinal variables, polychoric correlation matrices, as suggested by Kolenikov and Angeles (2004), 
are fed to the factor analyses with the assumption that ordinal variables listed in Table 2 reflect 







Table 2 Variables used in the first stage factor analyses 
















 RDIN Internal R&D Binary 
RDOUT Acquisition of extramural R&D Binary 
INMACH Acquisition of machinery and equipment Binary 
INIPR Acquisition of external knowledge Binary 
INEDU Training and education Binary 
INMAR Market introduction of innovations Binary 

















INFSOURCE1 Within enterprise 0-3 
INFSOURCE2 Equipment and software providers 0-3 
INFSOURCE3 Clients 0-3 
INFSOURCE4 Competitors in the same sector 0-3 
INFSOURCE5 Private R&D firms, commercial labs. 0-3 
INFSOURCE6 Universities 0-3 
INFSOURCE7 Public R&D institutes 0-3 
INFSOURCE8 Fairs and exhibitions 0-3 
INFSOURCE9 Scientific journals, sectoral bulletins etc. 0-3 
INFSOURCE1






















IMP1 Increased range of goods and services 0-3 
IMP2 Increased domestic market share 0-3 
IMP3 Increased foreign market share 0-3 




IMP5 Improved production and service flexibility 0-3 
IMP6 Increased production capacity 0-3 
IMP7 Reduced labor costs 0-3 
IMP8 Reduced energy and material consumption 0-3 
IMP9 Environmental and health safety aspects 0-3 






















ORG1 Installing a new management information system Binary 
ORG2 Significant changes in firm's organizational structure Binary 
ORG3 New or improved methods in collaborative activities Binary 
ORG4 Significant changes in product design or packing Binary 



















IPR1 Patent registration Binary 
IPR2 Industrial design registration Binary 
IPR3 Trademark registration Binary 
IPR4 Copyright registration Binary 
 
 In the next step factor scores obtained from the second stage factor analysis are input in a 
k - means cluster analysis with the aim of grouping the firms into distinct categories, which are as 
homogenous as possible with respect to the factor dimensions. Instead of iteratively classifying 
firms based on their distance to some initial starting points of the factor dimensions, centroids of 
an initial hierarchical solution are used for this purpose as suggested by Punj and Stewart (1983). 
Finally, the distribution of firms within each industry across the obtained clusters is examined to 
assess the industry specific dynamics of innovation. 
 
3. Empirical Analysis 
First stage factor analyses start with the variation of firm’s innovation activities. As can be seen in 
Table 3, three factors emerge: design and marketing, research and development, and technology 
transfer. Our findings indicate that complementary activities, such as training of staff and 
preparatory activities pertaining to marketing of innovations play a dominant role in firms’ 
innovation strategies. Moreover research and development factor indicates that in - house R&D 
and extramural R&D complement each other. The third factor indicates that innovative firms 
depend on both embodied and disembodied technology transfer, either by means of machinery 
and equipment acquisition or licensing. 
 









RDIN 0.2435 0.7845 -0.1140 
RDOUT -0.0159 0.7733 0.2574 
INMACH -0.0648 0.2749 0.7817 
INIPR 0.2666 -0.1128 0.8096 
INEDU 0.7907 -0.0837 0.2720 




INOTHER 0.9104 0.1207 -0.1105 
Three factors explain 80.70% of total variation. Number of observations: 780 
 
 Factor analysis on the sources of information used in the innovation process also yields 
three dimensions: information from scientific institutions, NGOs and events, and clients and 
competitors. The most dominant factor, information from scientific institutions, combines 
private R&D laboratories, universities, and public research institutions. The second principal 
component puts together NGOs, fairs and exhibitions, and scientific journals as the sources of 
information used in the innovation process. The third principal component connects information 























INFSOURCE1 0.0315 -0.1314 0.7846 
INFSOURCE2 0.0255 0.1038 0.7374 
INFSOURCE3 0.0039 0.2554 0.6719 
INFSOURCE4 0.1842 0.1110 0.5867 
INFSOURCE5 0.7606 0.0396 0.2013 
INFSOURCE6 0.9167 0.0556 -0.0028 
INFSOURCE7 0.9540 -0.0302 0.0206 
INFSOURCE8 -0.1520 0.8644 0.2112 
INFSOURCE9 0.0696 0.8562 0.0684 
INFSOURCE10 0.3073 0.7821 -0.1671 
Three factors explain 75.30% of total variation. Number of observations: 780 
 
 
 Results of the factor analysis on the impacts of innovation are reported in Table 5. Three 
dimensions emerge, which have been identified as process related effects, product related effects, 
and regulation conformance. Our results indicate that Turkish firms are more oriented towards 
process innovations, rather than new product development. Especially reduced labor cost and 
reduced energy and material consumption variables load highly on the first principal factor. Thus 
it can be argued that Turkish firms seek to gain competitiveness by reducing their production 
costs. In addition, high correlation of increased production capacity and improved production 
and service flexibility variables indicates that Turkish firms opt to direct their innovative efforts 
to capacity stretching. Moreover these factors also have slight loads on the second principal 
factor, indicating that product and process innovations usually accompany each other. Regulation 




interpreted as a reflection of structural changes in Turkish legislative system due to the European 
Union accession process.  
 
 Factor analysis on the impacts of non – technological innovations clearly distinguishes 
organizational and marketing innovations, whereas a single factor describes the variety of 
intellectual property rights protection activities. Results of these factor analyses are presented in 

















IMP1 -0.0244 0.8322 0.0411 
IMP2 0.1901 0.8046 -0.1112 
IMP3 -0.0622 0.7575 0.0040 
IMP4 0.1108 0.5780 0.3407 
IMP5 0.6334 0.2600 0.0736 
IMP6 0.6634 0.2405 0.0886 
IMP7 0.9323 -0.0838 0.0351 
IMP8 0.9091 -0.0566 -0.0165 
IMP9 0.0761 -0.0326 0.9146 
IMP10 -0.0239 0.0094 0.9703 
Three factors explain 76.25% of total variation. Number of observations: 780 
 







ORG1 0.9120 -0.0040  
ORG2 0.8003 0.1341  
ORG3 0.7917 -0.0611  
ORG4 -0.0754 0.9672  
ORG5 -0.1312 0.8240  
Two factors explain 76.97% of total variation. Number of observations: 780 
 





IPR1 0.9295   
IPR2 0.8299   
IPR3 0.9058   
IPR4 0.8869   





 Factor scores obtained from these analyses are fed into the second stage factor analysis in 
order to identify distinct innovation approaches. As shown in Table 8, four principal components, 
which can be interpreted as diverse innovation patterns, emerge. The first principal component is 
designated as “networked R&D”. Both R&D and design & marketing in addition to other 
dimensions describing the sources of information have high loadings on this factor. Moreover 
this pattern also includes organizational innovation and cooperation to a limited extent. It can be 
argued that “networked R&D” component describes the often mentioned research based 
innovation concept. The second innovation pattern is termed as “production intensive” since 
process related effects of innovation and regulation conformance, which basically determine 
process technologies, have high loadings on this principal component. Firms following this path 
are also active in new product development. In addition organizational innovation and 
cooperation also have a bearing on this principal component. “Market driven” pattern brings 
together marketing innovation and IPR dimensions in addition to organizational innovation and 
product related effects of innovation. R&D and design & marketing have slight loadings on this 
principal component. The last principal component is designated as “external oriented” since it 
combines technology transfer and cooperation. Moreover firms following this pattern are highly 
sensitive to protecting their intellectual properties through various methods. 
 














Design & marketing 0.5083 0.0628 0.2679 0.0748 
R&D 0.4393 -0.0307 0.1650 0.0534 
Technology transfer 0.0098 0.1069 0.0134 0.7970 
Info. from science 0.7665 -0.0946 -0.1782 0.1187 
Info. from NGOs and events 0.7740 0.0044 -0.0303 -0.1390 
Info. from clients and competitors 0.5397 0.2623 0.0557 -0.0104 
Process related effects 0.0042 0.8094 -0.006 0.1152 
Product related effects 0.1198 0.5668 0.3103 -0.0981 
Regulation conformance -0.0830 0.8316 -0.0592 0.0617 
Organizational innovation 0.2239 0.2927 0.4061 -0.1181 
Marketing innovation 0.0415 0.1106 0.7695 -0.0501 
IPR -0.0546 -0.1746 0.5804 0.4954 
Cooperation 0.2636 0.2707 -0.1433 0.4522 
Four factors explain 54.17% of total variation. Number of observations: 780 
 
 As explained in the previous section second level factor scores are fed into the cluster 
analysis, of which aim is to form as homogenous as possible groups of firms with respect to their 
innovation characteristics. These clusters can also be viewed as reflections of underlying 
technological regimes. In the first step a hierarchical cluster analysis is performed. As can be seen 
in the resulting dendogram (Figure 1), five branches can be easily located. Centroids of groups 
formed through hierarchical cluster analysis were used as initial starting points for k-means 
cluster analysis. Mean factor scores for these five clusters formed through k-means clustering are 

























Dendrogram for hierarchical cluster analysis
 
Figure 1 Dendogram for hierarchical cluster analysis 
 

















Networked R&D 1.542 -0.181 -0.042 0.694 -0.804 
Production intensive 0.814 0.090 0.623 0.367 -1.160 
Market driven 0.637 0.928 -0.846 0.368 -0.679 
External oriented -0.331 -0.424 -0.292 1.979 -0.233 
Average employee 180.69 61.81 66.96 95.58 51.16 
Innovation investments/sales (%) 7.41 3.44 5.84 11.30 2.94 
Product innovation (%) 91.44 73.74 64.07 74.14 60.95 
Process innovation (%) 82.82 73.25 82.16 87.79 49.29 
Share of novel products in total sales 26.11 31.77 20.45 20.88 16.84 
 
 High profile innovators have above average scores in all factors, except the external 
oriented dimension4
 
. It can be argued that firms in this group tend to benefit from various 
information sources, but they mainly depend on R&D and complementary innovative activities 
to develop new products or processes. Firms in this group have the highest average employee 
figure, which conforms to the idea that larger firms are more active in innovation. High profile 
innovators, which are active in both product and process innovations, have the second highest 
innovation investment over sales ratio. 
 Highest sale share of novel goods and services is encountered in the market oriented 
innovators group. Firms in this group are also active in both product and process innovations. 
On the contrary, firms in the production intensive innovators group are keener to process 
innovations. It can be argued that this group is populated with firms, which seek advantage 
through cost reductions and efficiency increases. External oriented innovators group has above 
average scores in all dimensions, but principal component pertaining to technology transfer and 
                                                          
4 Factor scores have a zero mean and unit standard deviation. Consequently an average score above zero indicates bias 




cooperation is very dominant. Moreover firms in this group have the highest innovation 
expenditure over sales ratio. A bias towards process innovation is also observed in this group. 
Consequently it can be argued that firms in this cluster depend on embodied and disembodied 
forms of technology transfer to upgrade their production infrastructure. Furthermore above 
average score in the networked R&D component indicates that acquisition of extramural 
technology is complementary to the in – house innovative activities of the firms in this group. 
 
 Distribution of clusters over industries is shown in Figure 2. As mentioned above, 
clusters based on the identified innovation patterns are viewed as reflections of underlying 
technological regimes. In this sense, an industry is assumed to be dominated by a specific 
technological regime, if the share of related cluster exceeds 50% in that industry. Our results 
show that such dominance is observed only in “electricity, water, and gas supply” industries 
(NACE code 40-41). Approximately 66% percent of firms in these industries belong to the 
“production intensive” cluster, whereas “market oriented” firms are not represented in these 
industries. “High profile innovators” exist in all sectors, except wood, pulp, paper, printing, and 
publishing industries (NACE code 20-22). High profile innovators are most common in electrical 
and optical equipment (~24%), and petroleum, chemicals, rubber, and plastic products industries 
(~23%). However high profile innovators do not constitute the majority in any industry. Low 
share of high profile innovators, which is predominantly based on the “networked R&D” 




Figure 2 Distribution of clusters over industries 
 
 Although not statistically tested, it is apparent from Figure 2 that industries differ with 
respect to the concentration of clusters. However importance of intra – industry heterogeneity in 
terms of innovation characteristics should not be underestimated, since these five clusters are 
observed in almost all sectors. Characteristics of knowledge base, experience accumulation and 
learning processes, and the working of dynamic complementarities may create sector specific 
conditions. It can be argued that sector specific conditions affecting variety creation, replication, 
and selection may shape the composition of an industry with respect to technological regimes. 
However these sectoral differences do not align firms in specific industries to similar paths, but 






This paper presented a study on determination of innovation patterns and an analysis of intra – 
industry heterogeneity. For this purpose factor analyses were performed in two stages. Resulting 
principal components were identified as distinct innovation patterns. These patterns were 
recognized as ingredients of different technological regimes, thus a cluster analysis was 
performed to form as homogenous as possible groups in terms of innovation behavior. Cluster 
analysis yielded five distinct groups of firms. These groups were viewed as the reflections of 
underlying technological regimes. High profile innovators represent the idea of research based 
innovation, but this group does not constitute the majority in any industry. Both internal and 
extramural R&D are important ingredients of innovation. However innovation is a complex and 
multi – dimensional phenomenon, which transcends R&D alone. Consequently public policies 
aiming to foster innovation should be designed to cover other aspects as well. 
 
 External oriented innovators have above average scores in all innovation patterns, but 
they are mainly characterized by acquisition of external technology and cooperation. Our findings 
indicate technology transfer and internal R&D complement each other. Within a developing 
country context it can be argued that firms in this group acquire external technology, combine it 
with their existing knowledge stock and R&D efforts, and then develop new products and 
processes. This process generally takes more time for the firms in developing countries before 
they become innovators and  as Beyhan et al. (2010) argued, innovation measurement in these 
countries should also include  “potentially innovative” firms. 
 
 Market oriented innovators have the highest share of novel products in their sales and 
they are active in both product and process innovations. On the other hand production intensive 
innovators are biased towards process innovations. It can be argued that production intensive 
innovators seek to gain advantage through cost reductions and efficiency increases. Low profile 
innovators have below average scores in all four innovation patterns. Moreover they have the 
lowest innovation investment over sales ratio. Depending on our results it can be speculated that 
their innovative activities are carried out on an ad-hoc basis. As can be seen in Table 9, this group 
consists of smaller firms in terms of average employee number. Low innovative activity in this 
group may be attributed to the idea that a firm’s perception of its innovation environment largely 
depends on its size (Arundel, 2001).  
 
 Sectoral innovation system approach suggests that heterogeneous firms with similar 
technologies, searching around similar knowledge bases, undertaking similar production activities, 
and embedded in the same institutional setting, share some common behavioral and 
organizational traits and develop similar range of learning patterns, and organizational forms 
(Malerba, 2005). Malerba acknowledges the importance of intra-industry heterogeneity and 
addresses its extent and features as a potential research area (ibid). Our results and other 
empirical studies (Leiponen and Drejer, 2007; Srholec and Verspagen, 2008) show that most 
industries are populated by firms with very different innovation characteristics. Our results 
indicate that industries differ in terms of innovative activities. However industries are not 
dominated by a single technological regime. On the contrary five technological regimes were 
observed in almost all sectors. Building upon these facts, it can be speculated that sector specific 
conditions determine the extent of intra – industry heterogeneity. 
 
 Firms continuously interact with each other and their environment, rather than being 
atomistic entities. Our study identified five types of firms under different technological regimes. 
However their interactions with each other remain to be unveiled. Moreover, innovation patterns, 
thus technological regimes are dynamic and their evolution in time should also reveal valuable 





 Sectoral policies should acknowledge the elements that make apparently similar firms 
different, rather than seeking the same traits in firms since sectors are not homogenous in terms 
of the innovation characteristics of the firms they contain. Consequently, sectoral taxonomies of 
innovation based on aggregated data may be even less relevant. Policies should be designed to 
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